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Biological invasions are on the rise globally. To reduce future invasions, it is
imperative to determine the naturalization potential of species. Until now,
screening approaches have relied largely on species-specific functional
feature data. Such information is, however, time-consuming and expensive
to collect, thwarting the screening of large numbers of potential invaders.
We propose to resolve such data limitations by developing indicators of
establishment success of alien species that can be readily derived from
open-access databases. These indicators describe key features of successfully
established aliens, including estimates of potential range size, niche overlap
with human-disturbed environments, and proxies of species traits related to
their palaeoinvasions and local dominance capacities. We demonstrate the
utility of this new approach by applying it to two large and highly invasive
plant groups: Australian acacias and eucalypts. Our results show that these
indicators robustly predict establishment successes and failures in each clade
independently, and that they can cross-predict establishment in these two
clades. Interestingly, the indicator identified as most important was species
potential range size on Earth, a variable too rarely considered as a predictor.
By successfully identifying key features that predispose Australian plants to
naturalize, we provide an objective and cost-effective protocol for flagging
high-risk introductions.1. Background
The threat posed by invasive species on biodiversity and ecosystem functioning
is increasing rapidly worldwide [1]. Surprisingly, although research on biologi-
cal invasions is soaring, it remains difficult to anticipate which species will
establish in a new region and, thus, to design cost-effective prevention plans.
The difficulty is largely the result of two conceptual and methodological chal-
lenges. First, for many plant groups, the ecological features that favour
establishment success are poorly understood [2]. Second, although key corre-
lates of establishment success have been identified for certain species, these
rely on measuring relevant functional traits, which is impractical to do for a
large number of species. For example, factors, such as resistance of species to
disturbance or capacity for rapid adaptation, are difficult and time-consuming
to evaluate [3]. Therefore, we are still lacking widely applicable indicators for




2Indicators of alien establishment success (also called natu-
ralization) can be ascertained based on a simple screening
approach using widely accessible data on occurrence of
species, climate and phylogeny. In particular, we derive
four potential indicators of species naturalization from these
data, related to species niche and trait characteristics. They
include species’ environmental niche characteristics (niche
breadth and niche availability on Earth), niche overlap with
significantly human-disturbed environments, and proxies of
traits related to their establishment capacities (number of
‘palaeoinvasions’ and level of local dominance).
In this study, we test the predictive power of these four
naturalization indicators for two Australian clades, in a
region that has served as a factory for invasive woody
plants, for reasons that are not yet well understood despite
extensive investigations. These two clades are Australian
‘acacias’ (Acacia sensu stricto; ca 1020 species, including 386
species known to have been introduced to new regions, 71
of which have established self-sustaining populations; or
18% naturalization success) and ‘eucalypts’ (a clade of three
genera: Angophora, Corymbia, and Eucalyptus; ca 830 species,
of which 82 out of 374 known introductions have resulted
in naturalization, or 22% naturalization success) [4–6]. We
focus on naturalized species: those that were able to establish
self-sustaining populations. These species have not necess-
arily been reported to show rapid and problematic spread
in the new areas or to outcompete native flora, but could
do so in the future.
We aimed to model naturalization potential using four key
establishment indicators. First, we expect the likelihood of
naturalization to increase when the species can establish and
flourish across a wide range of abiotic and biotic conditions
in their new ranges. Consequently, we calculated niche breadth
as an indicator of the range of climatic conditions in which
introduced species could survive, and the potential global
range size as an indicator for the probability of a species to
find a suitable introduction site on Earth [7]. Second, we
expect the likelihood of naturalization to increase when a
species is heavily used (e.g. for ornamental horticulture, for-
estry) and transported (intentionally or accidentally) by
humans. We thus used species niche overlap with human-
disturbed environments as an indicator for the probability of
human-mediated transport and cultivation. This overlap
measure has the additional benefit of accounting for the fact
that humans tend to settle in non-stressful environments,
which generally corresponds to fast-growing phenotypes in
plants, a frequent characteristic of successful invaders [8].
These three niche-related factors are not completely indepen-
dent. For example, large niche breadth may correlate with
large potential global range size and high overlap with
human-disturbed environments. Nevertheless, we regard
them as complementary indicators useful for disentangling
specific cases, such as species with narrow niche breadth but
large potential geographical extent on Earth. Third, we
derived the number of palaeoinvasions (i.e. the number of biogeo-
graphic regions that ancestors of a species have successfully
colonized over evolutionary timescales) as an indicator of
species capacities to colonize novel biogeographical
regions [9]. Biogeographical movements of species are often
favoured by traits involved in long-distance dispersal, resist-
ance to disturbance and rapid adaptation [3], but these traits
are difficult to measure, especially for long-lived organisms
such as trees. We thus used an indirect approach introducedby Gallien et al. [9], which is based on the assumption that
the number of ‘palaeoinvasions’ [10] undertaken by the ances-
tors of an extant species (prior to human intervention) is
indicative of its current capacity to establish into novel regions.
Finally, we calculated a measure of species spatial aggregation
(the fractal dimension of their area of occupancy (AOO)) that
has been shown to correlate with their capacity for local domi-
nance [11]. Sparse and fragmented distributions tend to
reflect local extinction processes, whereas denser and more
aggregated distributions tend to reflect species local domi-
nance [11,12]. All these indicators were derived from global
open-access databases containing information on native
range distributions of each species (Australasian Virtual
Herbarium; https://avh.chah.org.au/), species-level phylo-
genies for acacias [13] and eucalypts [6] (as used to infer the
number of palaeoinvasions, see method section), global cli-
mate (WorldClim v.2.0) and human-disturbed environments
(Human Footprint database).2. Methods
(a) Study species
Many Australian plants, including hundreds of species of acacias
and eucalypts, have been moved around the world over the past
150 years for supporting and provisioning ecosystem services
such as soil erosion control, timber, perfume or tannin pro-
duction [14–16]. The Acacia clade includes 1020 species, almost
all endemic to Australia, of which at least 315 are known to
have been planted outside Australia but have not been reported
as naturalized, 48 are naturalized (reproducing consistently) and
23 are invasive (spreading from sites of introduction) outside of
Australia (i.e. 71 successful versus 315 failed establishments,
or 18% naturalization success [4,17]). The eucalypt clade
includes 830 species, most of them endemic to Australia, of
which 292 are known to have been planted outside Australia
but are not reported as naturalized, 74 are naturalized and
eight are invasive outside of Australia (i.e. 82 successful
versus 292 failed establishments, or 22% naturalization suc-
cess [17]). It should be noted that all species identified as
introduced (leading to either successful or failed naturaliz-
ation) were introduced with roughly the same intensity
(species introduced only to botanical gardens were not con-
sidered). Categorization of introduction status for species
follows the definitions of Blackburn et al. [18].(b) Primary data compilation
Species native range was estimated from occurrence records in
the Australasian Virtual Herbarium (avh.chah.org.au; accessed
in July 2016; ca 244 000 records for acacias and ca 248 000 records
for eucalypts; sub-species were aggregated to the species level).
To ensure maximal comparability between the acacia and euca-
lypt datasets, the data source and methods for cleaning and
organizing the data followed protocols as set out in Richardson
et al. [4] and Robertson et al. [19], and the minimal resolution
accepted was 5 km. We manually removed records of species
from well outside the known native range in Australia (several
species from eastern Australia have been widely planted in
Western Australia and vice versa [4]). The data editing and
cleaning resulted in ca 171 000 records for 1020 acacia species
(154 occurrences on average per species) and 170 000 records
of 742 eucalypt species (202 occurrences on average per
species).
Environmental conditions were obtained from the global cli-




3We extracted the 19 bioclimatic layers at a resolution of 2.5 arc
min (to match the resolution of the occurrence dataset). Because
many bioclimatic variables are highly correlated (as derived from
monthly temperature and rainfall values), we selected the four
variables that revealed the lowest correlation coefficients on the
Australian continent (pairwise correlation less than 0.6): mean
diurnal temperature range (bio2), maximum temperature of
the warmest month (bio5), annual precipitation (bio12) and
precipitation seasonality (bio15).
The phylogeny of acacias was generated as in Mishler et al. [13]
and includes 639 Australian species (63% of the total species list).
The alignment was analysed using maximum-likelihood (ML)
using the CIPRES RAxML Blackbox utility. The resultant ML
phylogeny was dated using penalized likelihood in r8s [20].
Calibrations for each group were obtained from previous molecu-
lar dating studies and are as follows. The root of Australian acacias
was calibrated using the 95% age range estimate for the divergence
between Australian acacias and their sister groups 23.0–34.06 Ma
(same age estimates as obtained by Miller et al. [21]). Other calibra-
tions were obtained from the 95% age range estimates from the
same study [21] and placed on the following acacia groups:
mulga (9.26–11.14 Ma); plurinerves (11.17–13.47 Ma); mulga þ plur-
inerves (12.07–15.59 Ma); botrycephela (11.06–13.62 Ma); victoriae
(6.16–7.44 Ma); pull (16.21–19.46 Ma); murraya (10.02–12.02 Ma);
tetragonophylla (7.57–15.73 Ma); and dunnii (9.41–17.98 Ma). The
phylogeny of eucalypts was obtained from [6] and includes 711
Australian eucalypt species (86% of the total species list). Eucalypt
calibration points were selected from previous studies [22,23].
Two fossil calibrations were used: a Eucalyptus macrofossil
51.69–52.13 Ma [24], and an Angophora þ Corymbia fossil pollen
45–47.0 Ma [25]; as well as one secondary calibration of the
eucalypts (all three genera) crown 51.2–54.7 Ma [22].
(c) Ecological niche characteristics
The ecological niches of species were quantified and compared in
Australian environmental space. We did this by first extracting
the climatic conditions over the whole of Australia and running
a principal component analysis (PCA). The PCA allowed us to
find the main axes of climatic differences across different regions
in the continent, and to obtain the environmental space in which
to contrast different species niches. For each species, we then
located areas in the PCA space where it was recorded as present,
and used a 95% alpha-hull around the presences as an estimate
of their ecological niche. Although this is a simplistic estimation
of species ecological niche, it allows us to study all species in the
same environmental space, and to compute relatively quickly the
niche dimensions for the hundreds of species targeted in our
screening protocol. We then characterized these niche estimates
in terms of niche breadth and niche availability on Earth (here-
after called potential global range size). The climatic niche
breadth for each species was computed as the total area covered
by its alpha-hull in the PCA space. The potential global range
size of each species (i.e. the frequency of occurrence of its suitable
climate on Earth) was estimated by simply counting the number
of 2.5 arc min pixels on Earth (excluding Australia) that fell
within species alpha-hull climatic niche. It should be noted that
estimating species ecological niche based solely on their distri-
bution in their native range may underestimate their actual
niche breadth, as well as their capacities to adapt to new environ-
mental conditions [26,27]. However, this is a necessary constraint
when predictions need to be made on species that have never
been introduced (e.g. for building blacklists of species that pose
a risk of becoming invasive).
(d) Niche overlap with human-disturbed environments
Human-disturbed environments were identified based on the
open-access human footprint (HF) database (SEDAC database[28]). HF provides an index of anthropogenic impacts on the
environment [29] and indicates the degree of disturbance, ran-
ging from 0 (pristine) to 100 (highly disturbed) based on
multiple indicators including human population pressure,
human land use and infrastructure and human access [29]. HF
was obtained at 1 km resolution and aggregated to match the res-
olution of the occurrence and climatic data. Sites were considered
to be significantly disturbed by humans if the HF index was
equal to or greater than 30 (the results were robust to the
choice threshold; see electronic supplementary material, appen-
dix S1). The overlap between species climatic niche and the
climate in human-disturbed environments was estimated using
Schoener’s D metric (corrected for differences in relative avail-
ability of environments in the R package ecospat [30]). D varies
between 0 (no overlap) and 1 (complete overlap). It should be
noted that this variable is a synthetic estimate, which combines
the environmental suitability at sites of introduction, local
disturbance regimes and species detectability.(e) Number of palaeoinvasions
Species capacity for colonizing novel biogeographical regions
was estimated following the recommendations of Gallien et al.
[9], as the number of biogeographic regions that their ancestors
have successfully colonized over evolutionary timescales. To esti-
mate how the ancestors of extant species have moved during
their evolutionary history, we followed three steps: (i) we ident-
ified the main biogeographical regions of acacias and eucalypts
in Australia, (ii) we reconstructed lineage colonization history
and (iii) we counted the number of colonized regions per lineage.
First, the biogeographical regions were defined using BIO-
DIVERSE V.1.99_007 following the methodology proposed by
González-Orozco et al. [31,32]. The definition of biogeographical
regions can be based on either taxonomic or phylogenetic turn-
over measures. To integrate the uncertainty associated with the
choice of turnover measure, we quantified both, which produced
two sets of biogeographical regions per clade (two sets for
acacias, and two for eucalypts; see electronic supplementary
material, appendix S2). For each of these sets of biogeographical
regions, all acacia and eucalypt species were labelled as being
native to one or more regions (based on the overlap between
their presences and the regions). Second, we estimated the
historical biogeography of clades using the R package BioGeo-
BEARS [33], following the procedure used by Gallien et al. [9]
(the inputs being acacia and eucalypt phylogenies and biogeo-
graphical regions). In brief, we ran the three most commonly
used models (i.e. DIVA, DEC and BayArea), as well as their
more complex versions incorporating founder-event speciation
(hereafter DIVA þ J, DEC þ J and BayArea þ J). For each
model, we allowed ancestral distributions to extend to all avail-
able regions, with the specific constraint that before the
aridification period (about 10 to 20 Ma), the central arid region
was absent. We combined all model predictions using
AIC-weighted model-averaging to obtain single-ensemble esti-
mates [9]. Because the date of the aridification period remains
uncertain, we repeated this analysis with two different starting
times of the arid period (10 Ma and 20 Ma). Third, based on
the biogeographical movement reconstruction, we were able to
trace back in time how many regions were colonized by each
lineage. This was done by counting the number of colonized
regions between the root of the phylogeny to each tip. This over-
all procedure led us to obtain four different estimates of numbers
of past colonization events per extant species. These four esti-
mates per species denote uncertainties inherent to this
approach (i.e. identification of biogeographical region from taxo-
nomic versus phylogenetic turnover, and dating of the
Australian aridification period 10 Ma versus 20 Ma), and were
used to track these uncertainties in the following analyses. It
roya
4can be noted that uncertainties in phylogenetic dating could
similarly be incorporated to the analyses (e.g. when fossils are
sparse).lsocietypublishing.org/journal/rspb
Proc.R.Soc.B
28( f ) Local dominance capacity indicators
Species dominance capacity was estimated with the fractal
dimension of the AOO by species following the recommen-
dations of Wilson et al. [11]. In brief, for each species, we
estimated its AOO at two spatial scales. We first summed the
areas of occupied 5-km-squares, then aggregated these to
25 km-squares and again summed the areas of the occupied
25-km-squares. Log10AOO at each scale was plotted against
log10 (side of grid square (in kilometre)). The fractal dimension
(Dij) was the slope of this scale–area curve, subtracted from 2
[34]. A maximum value of Dij ¼ 2 indicates that occupied fine-
scale cells completely fill each occupied coarse-scale cell (most
aggregated distributions), while a minimum value of Dij ¼ 0
indicates that each occupied fine-scale cell is located in a separate
coarse-scale cell (sparsest distributions).6:20182477(g) Describing species naturalization potential
For each clade, we estimated models that relate naturalization
success to our four key establishment indicators: species ecologi-
cal niche characteristics, niche overlap with human-disturbed
environments, number of palaeoinvasions (as a proxy for traits
related to the colonization of novel environments) and a proxy
for their local dominance capacities. Naturalization was con-
sidered successful for all introduced species that had
established self-perpetuating populations, and failed for species
that are known to have been introduced but which have not
established self-perpetuating populations. The acacias and euca-
lypts account for 386 and 374 introduced species, respectively.
However, constraints on data availability (including their
inclusion in a phylogeny) reduced these numbers to 259 acacias
(56 naturalized versus 203 non-naturalized) and 317 eucalypts
(73 naturalized versus 244 non-naturalized) for model building.
Specifically, for each clade, we predicted species naturalization
success (with a binomial logit model where successfully natura-
lized species were coded as 1 and failed ones as 0) as a function
of species (i) niche characteristics (niche breadth and potential
global range size), (ii) niche overlap with human-disturbed
environments, (iii) number of palaeoinvasions and (iv) local
dominance capacities (as estimated by the level of spatial aggre-
gation of their populations). Correlation between these predictor
variables was below r ¼ 0.6 except for the correlation between
potential global range size and niche breadth (r ¼ 0.85 and p ,
0.001 for acacias; r ¼ 0.82 and p , 0.001 for eucalypts). Despite
the strong correlation in the latter two variables, we chose to
keep all the variables in the initial models to test for their com-
bined effect. The number of variables in the model was
reduced by performing a variable selection with a forward–
backward step-wise procedure based on the AIC criterion. To
account for the non-independence of the species due to shared
ancestry, we used phylogenetic regressions (R package phylolm
[35]). We also accounted for the uncertainties in our estimates
of the number of palaeoinvasions by repeating the overall mod-
elling procedure with our four estimates of the number of
ancestral colonizations (cf. Number of palaeoinvasion section),
which left us with four models per clade. We then estimated
the variable importance in each model using a permutation accu-
racy importance algorithm, as suggested by Strobl et al. [36]
(using 100 permutations). The principle was to apply a random
permutation of each variable to mimic the absence of the vari-
able in the model. Importance is then estimated according to
the difference in prediction accuracy with and without the
permutation.(h) Predicting species establishment
The predictive performance of each model was evaluated in
terms of their discrimination and classification ability using the
area under the relative operating characteristic curve (AUC),
the proportion of predictions correctly classified (PCC), the rate
of under-prediction (UPR) and the rate of over-prediction
(OPR). The AUC ranges from 0.5 (prediction not better than
random) to 1 (perfect prediction). A model with an AUC
higher than 0.8 is usually classified as relatively good [37,38].
UPR and OPR measures of false prediction rates in the models
follow indices presented in [39].
First, we assessed within-clade predictive performance by
running a cross-validation procedure via repeated sample split-
ting which randomly splits the data into a calibration group
(80%) and a validation group (20%) of species. We then separ-
ately fitted the models to the calibration subset of species and
predicted naturalization success for the holdout species (vali-
dation dataset). Prediction accuracy for these holdout species
was assessed using AUC and PCC. The splitting procedure
was repeated 50 times. Second, for evaluating the between-
clade extrapolation power of our screening approach, we used
the model calibrated on 100% of the acacia data (including
only the predictors selected with the AIC-based variable
selection) to predict naturalization success in eucalypts, and
vice versa. Between-clade prediction accuracy of the acacia and
eucalypt models was assessed using AUC and PCC.
All statistical analyses were performed with the software R
v.3.4.0 [40].3. Results and discussion
For each clade, we estimated phylogenetic logistic regression
models to relate species establishment success versus failure
to the proposed indicators. AIC-based variable selection
and randomization procedures were used to evaluate the
relative importance of the different indicator groups (the pre-
dictors selected for each clade are presented in figure 1). For
both acacias and eucalypts, the most important predictor of
establishment success, by far, was the potential global
range size (with 61% and 76% variable importance for acacias
and eucalypts, respectively; figure 1). This confirms that the
alien species that successfully establish are those that have
larger potential global range sizes compared to species that
fail to establish. Interestingly, even though potential global
range size of species is positively correlated with their niche
breadth (r ¼ 0.85 and p , 0.001 for acacias; r ¼ 0.82 and p ,
0.001 for eucalypts), the latter variable was never retained
in our models. This indicates that potential global range
size is a better predictor of establishment success than niche
breadth. Successful aliens are thus not necessarily those
species with the broadest climatic niches as traditionally
assumed [8,41], but rather those that can inhabit the largest
ranges. Indeed, having a large niche breadth does not guar-
antee that suitable climates for the taxon are well
represented on Earth [41] (e.g. Acacia pellita or Eucalyptus pul-
chella). Additionally, in both clades we found establishment
success to increase significantly where climatic niche over-
lapped with the climate of human-disturbed sites
(including urban areas, cultivated areas and areas with
dense road networks) although this effect was more pro-
nounced in acacias (with 22% variable importance for
acacias and 3% for eucalypts). This result highlights that
species with the best chance of naturalizing are those that
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Figure 1. Relative importance of species naturalization predictors for (a) acacia and (b) eucalypt species. For each clade, binomial phylogenetic regressions were used
to discriminate between successful versus failed naturalizations. An AIC-based selection was applied to select only significant predictors, and a randomization pro-
cedure to quantify the relative importance of predictors. The coloured bars represent the median variable importance across all models ( four models per clade were
estimated to quantify the uncertainty associated with the measures of palaeoinvasions), and the vertical lines indicate the standard deviation of the results around
these medians. The model performance was evaluated with AUC scores (ranging from 0.5: prediction not better than random, to 1: perfect prediction; AUC  0.8





live, cultivate plants or travel; such species do not necessarily
have the largest niche size. In line with our expectations,
establishment success systematically increased with the
number of palaeoinvasions (variable importance 17% and 11%
for acacias and eucalypts, respectively). An effect of species’
capacity for local dominance on establishment success was
only apparent in eucalypts (variable importance 10%).
Based on these phylogenetic regressions, we assessed
the ability of our indicators to predict the likelihood of
other species becoming naturalized. This within-clade cross-
validation (80–20% random split-sample approach) showed
good predictive power for both acacias (median AUC ¼
0.81, PCC ¼ 0.84, UPR ¼ 0.21, OPR ¼ 0.22) and eucalypts
(median AUC ¼ 0.81, PCC ¼ 0.82, UPR ¼ 0.22, OPR ¼ 0.17).
Between-clade prediction accuracy (from acacia model to
eucalypt data, and vice versa) showed similarly good per-
formances, with only a marginal decrease in AUC of
2% and in PCC of 3 –5% compared to within-clade cross-
predictions (figure 2). These results show that the likelihood
of a species naturalizing following introduction to new
regions can be broadly assessed using simple indicators
derived from widely accessible databases. Importantly,
these indicators are general enough to cross-predict between
distantly related clades (i.e. models calibrated on one clade
can provide useful predictions onto another) while remain-
ing within an acceptable range of error [42]. Although
these indicators are generic, the models can be re-calibrated
for clades originating from other biogeographical regions
to accommodate particular features of the focal taxa. Overall,
our approach provides a novel risk assessment methodology
that can supplement current approaches that are often time-
consuming and/or require expert knowledge (e.g. the UK
risk assessment protocol takes on average 19 h per species,
which would translate into more than 5 years of work for
our 576 species [43,44]).Banning the international movement of all species is
certainly the safest prevention approach in the context of
highly invasive clades such as acacias and eucalypts (‘ban
them all’ strategy [15]). However, this option is often unrealistic
in taxa with large commercial or other value. An alternative is
to develop defendable ‘black lists’ of species. Black lists are
based on the quantification of invasion risk of species to pro-
vide robust and quantifiable justification for the regulation of
species that pose a high risk of becoming invasive. Although
such lists are widely advocated as a practical approach for sim-
plifying the process of regulating intentional introductions
[45], objective protocols for populating such lists are still lack-
ing, even for groups with many invasive species such as
acacias and eucalypts (more subjective protocols based on
expert knowledge have been developed [46] but have shown
limited efficacy and reproducibility [42,47]). Our screening
approach provides exactly such a probabilistic assessment of
species invasiveness (table 1), and thus has the potential for
being widely adopted. It is noteworthy that each country can
select its own ‘banning threshold’ for compiling a black list
according to transparent decisions relating to the cost–benefit
balance in misclassification (i.e. the ratio of the costs of banning
a species that is harmless and potentially useful, and the cost of
introducing a future invader [48]).
Although only utilizing a small number of crude predic-
tors, our models had predictive accuracies of 84% and 82%
for the acacia and eucalypt clades, respectively. Nonetheless,
it is important to emphasize that this approach is useful as a
first screening for large numbers of species; it is unlikely to
produce flawless predictions of which species are sure to
become naturalized. Indeed, a few species were predicted
to be naturalized while there is, as yet, no evidence of natural-
ization (e.g. Corymbia tessellaris, Eucalyptus pauciflora). This
may reflect that key variables are still missing in the models
and/or an invasion debt, meaning that the species have not
AUC = 0.79 (±0.03)
PCC = 0.79 (±0.02)
AUC = 0.81 (±0.01)
PCC = 0.84 (±0.01) 
AUC = 0.81 (±0.01)
PCC = 0.82 (±0.004) 
AUC = 0.79 (±0.03)











Figure 2. Performance of the screening approach. For each clade (acacias and eucalypts), we used binomial phylogenetic regressions to identify the main indicators
of naturalization success, which we evaluated both within and between clades. Within-clade performance was assessed using a split-sample cross-validation (80% of
the data used for calibration and 20% for validation, repeated 100 times). We assessed between-clade performance by calibrating the models on 100% of the
species of one clade and predicting to 100% of the species of the other clade. The model performance was evaluated with AUC scores (ranging from 0.5: prediction
not better than random, to 1: perfect prediction; AUC  0.8 usually classified as good), and the proportion of predictions correctly classified (PCC).
Table 1. A proposed black list of the 10 non-introduced acacias and
eucalypts that are predicted to have the highest risk of naturalization if
introduced.
acacias eucalypts
Acacia rostellifera Eucalyptus leptophylla
Acacia siculiformis Corymbia clarksoniana
Acacia linifolia Corymbia erythrophloia
Acacia applanata Eucalyptus lockyeri
Acacia gilbertii Eucalyptus platyphylla
Acacia multisiliqua Eucalyptus phenax
Acacia continua Eucalyptus chartaboma
Acacia dorothea Eucalyptus conspicua
Acacia bidentata Eucalyptus barberi





had enough time or opportunities to establish in adventive
ranges but may do so in the future [49]. Some other species
were predicted as being unlikely to naturalize but have
been reported as naturalized in at least one region of the
world (e.g. Acacia mountfordiae, E. diversicolor). These cases
are particularly interesting, as most of these species have
relatively small native range sizes (with native range sizes
2.15 and 4.33 times smaller than the successfully predicted
invaders for acacias and eucalypts, respectively), which
could have biased the estimation of their environmental
niche (e.g. underestimation of species tolerance [27,50,51],
or capacity to adapt to novel conditions [26]). Suchmisclassification of species with small native ranges may be
overcome in the future by building more complete estimates
of environmental niches of species (and of its evolution), for
instance by integrating experimental measures. However,
both our within- and between-clade validations underline
that even such simple estimates of native niche of species
are useful for explaining and predicting naturalization
success outside their native ranges.
Our proposed screening approach based on simple indi-
cators is a global-scale evaluation of the risk of naturalization,
and provides a single synthetic measure per species. Further
refinements could easily be implemented for particular study
regions and study species. For instance, if the aim is to provide
a black list of species for a specific region, our models could be
coupled with spatially explicit predictions from climatic niche
models to evaluate which of the high-risk species would find
large suitable areas in natural habitats and should thus be pro-
hibited. Additionally, if a given study region lacks detailed
information on its native species (e.g. if data on native ranges
are only available at very coarse spatial scales), then character-
istics of other species can be sought to complement the models
(e.g. the altitudinal range over which the species occurs, or
measures of its tolerance of frost, heat and shade).
The model could also be extended to predict the transition
from naturalization to invasion. For this, additional data on
species functional characteristics would be required—for
instance including measures of species competitive superior-
ity, fecundity and plasticity [3,52–55]—and could simply be
added to the model. Although such traits are often not freely
available for a large set of species, the emergence of large col-
laborative trait databases (e.g. TRY; https://www.try-db.org/




7In conclusion, our results show that naturalized species
from two Australian clades share key biogeographic and
evolutionary features: large global potential range sizes,
many instances of palaeoinvasions, and strong overlap with
human-disturbed environments. The identification of these
features through our screening approach and simple indi-
cators opens new opportunities for the prediction of species
naturalization potential in other plant taxonomic groups.
Moreover, because our indicators are derived from open-
access global databases, they are easily and rapidly applicable
to large numbers of species, thereby filling a critical gap in
the design of global black lists of alien species.
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AH, Laffan SW, Miller JT. 2014 Phylogenetic
measures of biodiversity and neo-and paleo-
endemism in Australian Acacia. Nat. Commun. 5,
4473. (doi:10.1038/ncomms5473)
14. Reichard SH, Hamilton C. 1997 Predicting invasions
of woody plants introduced into North America.
Conserv. Biol. 11, 193 – 203. (doi:10.1046/j.1523-
1739.1997.95473.x)
15. Wilson JRU et al. 2011 Risk assessment, eradication,
and biological control: global efforts to limit Australian
Acacia invasions. Divers. Distrib. 17, 1030 – 1046.
(doi:10.1111/j.1472-4642.2011.00815.x)
16. Miller JT, Hui C, Thornhill AH, Gallien L, Le Roux JJ,
Richardson DM. 2017 Is invasion success of
Australian trees mediated by their native
biogeography, phylogenetic history, or both? AoB
Plants 9, plw80. (doi:10.1093/aobpla/plw080)
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González CC, Wilf P, Cúneo NR, Johnson KR. 2011
Oldest known Eucalyptus macrofossils are from
South America. PLoS ONE 6, e21084. (doi:10.1371/
journal.pone.0021084)
25. Thornhill AH, Macphail MK. 2012 Fossil myrtaceous
pollen as evidence for the evolutionary history of
the Myrtaceae: a review of fossil Myrtaceidites
species. Rev. Palaeobot. Palynol. 176 – 177, 1 – 23.
(doi:10.1016/j.revpalbo.2012.03.003)
26. Gallien L, Thuiller W, Fort N, Boleda M, Alberto FJ,
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